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ABSTRACT

A new method, named linear prediction with linear ex-

trapolation has been proposed in the past, which aims

at modifying conventional linear prediction especially for

speech coding applications. The basic idea is to reformu-

late the computation of linear prediction so that an optimal

FIR-predictor of order 2p could be determined from p num-

berical values. In this work, we extend the above method

to generate the cepstral features using the compressed LPC

parameters and use the new feature for accurate speech

recognition. Peliminary results on Tamil connected digit

recognition task demonstrated that the cepstral features de-

rived from the new approach yield more accurate modeling

of speech spectra and provides better discrimination among

di�erent speech classes.

1. INTRODUCTION

Feature extraction is the process of deriving a compressed

set of features that are characteristic of a given signal.

These features are desired to preserve all the information

relevant to the application, and to have no redundancy in

representing the signal. One of the most powerful speech

analysis techniques is the method of linear predictive (LPC)

analysis [6]. The LPC analysis approach performs spectral

analysis on short segments of speech with an all-pole model-

ing constraint. It is faster and provides extremely accurate

estimates of speech parameters if the signal can be well

modeled by the all-pole model [14]. Linear prediction pa-

rameters have been found useful in a variety of applications,

such as speech coding, speech recognition, speech synthesis,

speech enhancement and speaker recognition [4, 12, 5, 3, 8].

Tamil is the oldest attested member of the Dravidian fam-

ily of languages, which is predominant in southern India.

Tamil Nadu, the southernmost state of the Indian subcon-

tinent, is the cradle of the oldest and largest Indian litera-

ture and culture. Apart from being the language of �fty

million people in Tamil Nadu, Tamil is the spoken and

written languages of several millions of Tamils living in Sri

Lanka, Indonesia, Singapore, Malaysia, Burma, Mauritius,

Fiji Islands, South Africa, Australia, Canada, UK, USA,

New Zealand, and various countries in Europe [1]. The al-

phabet of Tamil is unique, and is like English in that it

is phonetic. That is, letters represent sounds, rather than

ideas as in Mandarin Chinese where the intonation of a

word determines its meaning [16]. Language identi�cation

using Tamil language has been studied recently by several

researchers but not in speech recognition [13, 11]. This pa-

per deals with a new set of LPC-derived features that is

applied to Tamil connected digit speech recognition.

Recently, a new method, named linear prediction with

linear extrapolation (LPLE), has been proposed which aims

at modifying conventional linear prediction especially for

speech coding applications [2]. The idea is to reformu-

late the computation of linear prediction so that an opti-

mal FIR-predictor of order 2p could be determined from

p numberical values. In this study we explore the use

of newly derived linear extrapolation based linear predic-

tive cepstral coeÆcients (LE-LPCC) as speech features in

a speaker-independent recognition experiment. Peliminary

results demonstrated that the cepstral features derived from

the new approach yield more accurate modeling of speech

spectra and provides better discrimination among di�erent

speech classes in comparison to conventional linear predic-

tive cepstral coeÆcients.

2. LPLE-DERIVED CEPSTRUMS

Let xn be a sample to be predicted from its p previous val-

ues. In conventional linear prediction p preceding samples

of xn are taken as such for linear combination. In the case

of LPLE method, the xn is predicted by using p number of

sample pairs that occur before time instant n. Each sample

pair is connected by a line. These lines are determined by

arranging 2p preceding values of xn into p groups of two

consecutive samples. The equation for the line that con-

nects two consecutive samples xn�2i and xn�2i+1 can be

expressed as follows:

f
i

n = 2i [xn�2i+1 � xn�2i] + xn�2i (1)

Linear extrapolation, each of the lines that are determined

by two consecutive samples, is then used to compute the

value of the line at time instant n as shown in Figure 1.

By combining all the sample pairs p extrapolated values

are obtained at time instant n. A linear combination of
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Figure 1. Calculation of speech samples for predic-

tion of x(n).

these values are then used to form a prediction for xn. The

predicted value of the n-th speech sample is given by

x̂n =

pX
i=1

ai(2i[xn�2i+1 � xn�2i] + xn�2i) (2)

where ai are the predictor coeÆcients and xn is the n-th

speech sample. The value of p required for adequate mod-

eling of the vocal tract depends on the sampling frequency

used in digitization of the signal: the higher the sampling

frequency, the larger the analysis order p should be. It has

been suggested that when the sampling frequency in kHz is

q then the analysis order should be atleast q+4 in case of

conventional linear prediction.

The prediction error, the di�erence between the predicted

value and the actual measured value, is de�ned by

en = xn +

pX
i=1

ai(2i[xn�2i+1 � xn�2i] + xn�2i) (3)

The total squared error can be denoted by E, where

E =
X
n

e
2
n (4)

The LPC coeÆcients which minimize the mean squared pre-

diction error can be obtained by setting

@E

@ai
= 0; 1 � i � p: (5)

The following p normal equations can be solved by using

Gaussian elimination schemes [15]:

pX
i=1

ai[(�4ij + 2i)r2i�2j�1 + (8ij � 2i � 2j + 1)r2i�2j

+(�4ij + 2j)r2i�2j+1]

= �2jr2j�1 + (2j � 1)r2j ; 1 � i � p

where the autocorrelation function of xn is denoted by rn

ri =

N�1�iX
n=0

x
w

nx
w

n+i (6)

and x
w

n = xn : wn and wn is the hamming window weighting

function:

wn = 0:54 � 0:46 cos(
2�n

N � 1
); 0 � n � N � 1: (7)

The transfer function of the all-pole �lter given by LPLE-

analysis can now be expressed as:

Hz =
1

1 +
P

p

i=1
[2i ai z�2i+1 + (1� 2i) ai z�2i]

(8)

It can be seen from the above equation that the LPLE

method yields an all-pole �lter of the order 2p when the

number of the normal equations is equal to p. Since the

denominator of Hz has 2p complex roots, the spectra of

Hz has p resonant frequencies, which correspond to for-

mant frequencies. This implies that the LPLE technique

can model the spectrum of the vocal tract as a spectrum of

an order-2p all-pole model Hz. Cepstral coeÆcients, which

can be obtained from conventional LPC analysis, have been

widely used in speech recognition. The cepstral coeÆcients,

cn, of the spectra obtained from LPLE analysis can also be

computed recursively from the LPLE coeÆcients as follows.

If all the poles of Hz are inside the unit circle, ln Hz can

be expressed as

ln hz =

1X
n=1

cnz
�n (9)

To obtain a simple and unique relationship between the pa-

rameters cn and an by substituting Hz into the above equa-

tion and by taking derivatives on both sides with respect to

z
�1:

d

dz�1
ln

�
1

1 +
P

p

i=1
[2iaiz�2i+1 + (1� 2i)aiz�2i]

�

=
d

dz�1

 
1X
n=1

cnz
�n

!
(10)

which is simplied to

�

P
p

i=1
[2iai(2i � 1)z�2(i�1) + (1� 2i)aiz

�(2i�1)]

1 +
P

p

i=1
[2iaiz�2i+1 + (1� 2i)aiz�2i]

=

1X
n=1

ncnz
�n+1 (11)

and rewritten as

�

pX
i=1

[2iai(2i� 1)z�2(i�1) + (1 � 2i)aiz
�(2i�1)] =

1X
n=1

ncnz
�n+1

 
1 +

pX
i=1

[2iaiz
�2i+1 + (1� 2i)aiz

�2i]

!
(12)
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Figure 2. Block diagram for the calculation of the

LE-LPCC cepstrum.

If we now equate the constant term and the various powers

of z�1 on the left and right sides of the above equation, we

obtain the desired relationship between cn and an. Even

though there is an in�nite number of cepstrum coeÆcients,

we truncate the sequence to 12. This indicates that the

characteristics of vocal tract and excitation are well repre-

sented separately in the cepstral domain. The higher order

coeÆcients take the excitation property and the lower order

coeÆcients take the vocal tract property. For simplicity, we

assume the LPC order p to be 3, then the equation (12)

becomes

�2a1 + 2a1z
�1

� 12a2z
�2 + 12a2z

�3
� 30a3z

�4 + 30a3z
�5

=
�
c1 + 2c2z

�1 + 3c3z
�2
� �

1 + 2a1z
�1

� a1z
�2

+4a2z
�3

� 3a2z
�4 + 6a3z

�5
� 5a3z

�6
�

And the corresponding cepstral coeÆcients are obtained by

equating the powers of z on both sides of the above equa-

tion:

c1 = �2a1 (13)

c2 = a1 � a1c1 (14)

c3 =
�12a2 + a1c1 � 4c2a1

3
(15)

Similarly the higher order cepstral coeÆcients are computed

in a recursive way. A straight forward algorithm is shown

in Figure 2 to calculate the new feature set from the given

speech signal. Equation (12) allows us to compute the coef-

�cients cn from the p predictor coeÆcients and the predictor

coeÆcients from the p coeÆcients c1; c2; � � � ; cp.

3. EXPERIMENTAL SETUP

Eleven Tamil digits, onru, erandu, moonru, naangu, ainthu,

aaru, ezhu, ettu, onpathu and poochiam or suzhi as shown

Digits English Tamil

1 one onru

2 two erandu

3 three moonru

4 four naangu

5 �ve ainthu

6 six aaru

7 seven ezhu

8 eight ettu

9 nine onpathu

Z zero poochiam

O oh suzhi

Table 1. One-to-one mapping between English and

Tamil digits.

in Table 1 were used in the evaluation task. The Tamil

connected digit corpus comprised of speech data from 16

native speakers (8 male and 8 female ranging in age from

15 to 75 years old) collected over network channels using

a variety of telephone handsets. The digit string length is

�xed to 10 for both training and testing sets. Each talker

spoke a total of 150 digit strings, out of which the �rst

100 utterances were used for training and the remaining

50 utterances were used for testing. All recordings in the

training and testing set are valid digit strings, totaling 1600

and 800 strings for training and testing, respectively.

Input speech is segmented into overlapping frames of 30

msec long with centers 10 msec apart. The basic recognizer

feature set, denoted as, LPCC, consists of 39 features that

includes the 12 liftered conventional linear predictive cep-

stral coeÆcients, the normalized log-energy, the �rst and

second order derivatives of cepstrums and log-energies [8].

LE-LPCC contains the same dimension as LPCC feature

set but the cepstrums are generated from linear extrapola-

tion based linear predictive coeÆcients as explained in the

previous section. Make a note that we used an LPC order

of eight for both analysis methods (i.e., p = 8).

4. EXPERIMENTAL RESULTS

Following feature analysis, each feature vector is passed to

the recognizer which models each word in the vocabulary by

a set of left-to-right continuous mixture density HMM using

context-independent models. Each digit was modeled with

10 state HMMs, with 4 Gaussian mixtures. Speech back-

ground is modeled with a single state, 32 mixture HMM.

The HMMs were trained using one iterations of maximum-

likelihood estimation (MLE) and six iterations of minimum

string error (MSE) training [9]. Each training utterance is

signal conditioned by applying cepstral mean subtraction

prior to being used in both training methods [10].

We have conducted experiments to verify the e�ectiveness

of the proposed LE-LPCC derived feature extraction tech-



Model MLE MSE

Type Wd Er St Ac Wd Er St Ac

Baseline 8.49% 67.71% 7.23% 76.61%

(LPCC)

Proposed 7.47% 72.79% 6.64% 79.68%

(LE-LPCC)

Table 2. Word error rate (Wd Er) and string accu-

racy (St Ac) for a 10-digit known-length grammar-

based Tamil connected digit recognition task using

the conventional MLE and MSE training methods

as a function of feature type.

nique using the noisy telephone speech database on HMM-

based connected digit recognition performance. The Table

2 shows the performance comparison between the proposed

LE-LPCC scheme with the 39 feature model LPCC (with

conventional linear prediction method). It is observed that

LE-LPCC model performs better than LPCC in terms of

both word error and string error rate reductions. A string

error rate reduction of 15% and 13% is noticed when moving

from MLE to MSE models. Further improvement in perfor-

mance can be obtained by modeling inter-word coarticula-

tion using a total of 276 context-dependent head-body-tail

models with the LE-LPCC features [9].

5. CONCLUSIONS

A new feature, named linear prediction with linear extrap-

olation based cepstral coeÆcients, is proposed. We also

described the detailed mathematical derivation of cepstral

generation process from the compressed LPC parameters

and provided the implementation issues of the frontend fea-

ture extraction process. Experimental results on Tamil con-

nected digit recognition task demonstrated that the cepstral

features derived from the new approach yield more accu-

rate modeling of speech spectra and provides better dis-

crimination among di�erent speech classes. In comparison

to the conventional LPCC the proposed LE-LPCC features

are able to yield more accurate models especially for the

formant structure of speech in the case when the number of

unknowns in the normal equations is small. However, when

the number of parameters to determine the all-pole �lter

is larger, then the performance di�erences between the two

feature models become small.
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